Abstract-The identification of RNA secondary structures has been among the most exciting recent developments in biology and medical science. It has been recognized that there is an abundance of functional structures with frameshifting, regulation of translation, and splicing functions. However, the inherent signal for secondary structures is weak and generally not straightforward due to complex interleaving substrings. This makes it difficult to explore their potential functions from various structure data. Our approach, based on a collection of predicted RNA secondary structures, allows us to efficiently capture interesting characteristic relations in RNA and bring out the top-ranked rules for specified association groups. Our results not only point to a number of interesting associations and include a brief biological interpretation to them. It assists biologists in sorting out the most significant characteristic structure patterns and predicting structure-function relationships in RNA.
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I. INTRODUCTION

S
ECONDARY structures are viewed as essential elements of the topology of many structural RNAs. They have been found in most organism and comprise functional domains within ribozymes, self-splicing introns, ribonucleoprotein complexes, viral genomes, and many other biological systems [1] .
A number of new classes of functional RNA structures such as snoRNAs and riboswitches, have been reported [2] . Recent studies indicate that they perform many important regulatory, structural, and catalytic roles in the cell. For example, rRNA is the catalytic component of the ribosomes, and miRNA can block the mRNA from being translated, or accelerate its degradation. Further, many reports indicate that the transactional complexity of mammalian genomes has been significantly underestimated. As described in [3] , a large class of ncRNAs (noncoding RNAs) such as rRNAs and tRNAs, share characteristic structures that are functional and hence are well conserved through evolution. They may constitute a critical hidden layer of gene regulation in higher organisms. It is suggested that perhaps a large fraction of the significance of RNA secondary structures are currently unrevealed. Thus, it is critical to mining the predicted RNA secondary structure data for finding structure-function relationships in RNA.
To perform diverse functions, the nucleotide sequence of RNA forms a variety of complex three-dimensional structures. One of the most prevalent structures adopted by RNA molecules is a commonly-occurring structural motif known as the pseudoknot, which performs varied roles in biology such as efficient frameshifting in many retroviruses. The secondary structure of an RNA shows a tree like shape that comprises various loops and stack regions. The variation of the size of stems and loops and their base composition lead to a diverse set of functions. Thus, the understanding of the base pairing pattern of the stems and loops provides better insight into the potential structurefunction relationships.
Many studies have been put into predicting the secondary structure from the nucleotide sequence. The prediction of RNA secondary structures [4] mainly consists of comparative RNA analysis [5] and approximating the free energy of any given structure [6] , such as the techniques using the Tinoco model [7] . Recently, there have been many computational methods developed to efficiently identify functional RNA structures by using comparative genomic. They present a characteristic substitution pattern in their stem-paring regions such that only substitutions that maintain the pairing capability between paired bases will be allowed in evolution [5] , [8] . However, the constraint on nested secondary structures is usually applied. The problem of RNA structure prediction attributes to not only inaccurate thermodynamic parameters but also pseudoknot formation.
PseudoBase is the only database that includes the sequential, structural and functional information of RNA pseudoknots. The methods to analyze the pseudoknot data mostly focus on increasing the prediction accuracy of RNA secondary structures, whereas the methods for the characterization of secondary structures are underdeveloped. Data mining is the identification of implicit, unknown, and potential interesting information from data. The technologies have been widely used to analyze various biological datasets [9] , [10] . In particular, the method proposed in [11] can identify quantitative association rules by partitioning the domain of multivalued variables into intervals. Several attempts have been made to mine biological databases using association rule mining [10] , [12] . Earlier investigations mainly focus on discovering an association between the gene expression, genetic pathways, and protein-protein interaction.
In this paper, association rule mining is applied to identify the characteristic relations in RNA secondary structures with respect to base composition, function, and organisms. The rules are divided into different groups and only the top-ranked rules are derived for each group. The dataset from PseudoBase [13] is used and a schema is presented to partition the quantitative attributes. The identified distributions (sizes and nucleotide composition) of stems and loops account for the reproduction of various pseudoknots. Further, the ratios between stems and loops imply the role of pseudoknot in the promotion of function efficiency.
II. MATERIALS AND METHODS
A. Partition of Attributes
After sorting out some reductant records, a dataset consisting of 225 H-pseudoknots is obtained. The partition of domain of categorical attributes class, stem, loop, base, and ratio includes class = {vr, vt, vf, v3, v5, vo, rr, mr, tm, ri, ap, ot, ar}, stem 
and L 3 represent stem 1, stem 2, loop 1, loop 2, and loop 3, respectively; and A, G, C, and U represent base adenine, guanine, cytosine, and uracil, respectively. Definition 2.1: Suppose a quantitative attribute y is divided into a set of intervals {y 1 , . . . , y n } (called base intervals) using the categorical item x i such that for any base interval y j , either y j consists of a single value or y n contains one or all the point values between max(x i ) (maximum of x i ) and the closest point value c to max(x i ) whose number is larger than 0:
Note, the values of ratio attribute are nonzero real number rather than integers. Thus, the condition |y i | = 1 in Definition 2.1 can be regulated to |y i | = 1 or |y i | = 0.5. This aims to avoid missing interesting knowledge.
Suppose y 1i , . . . , and y m i represent the partition using the categorical item x i in ascending order of their maximum sizes. The partition starts from the categorical item that has the minimum of their maximum sizes, and integrates it with next one until all items are gone through. The partition using
According to Definition 2.1, the partition of stem 1 is {0, (0, 1], (1, 2] , (2, 3] , (3, 4] , (4, 5] , (5, 6] , (6, 7] , (7, 8] , (8, 9] , (9, 10] , (10, 11] , (11, 12] , (12, 13] , (13, 14] , (14, 15] , (15, 16] , (16, 17] , (17, 18] , (18, 19] , (19, 22] }. Thus, the remaining partition of stem 2 is (22, 33], where 33 denotes the maximum size of stem 2. Thus, the integration of their partition becomes {0, (0, 1], (1, 2] , (2, 3] , (3, 4] , (4, 5] , (5, 6] , (6, 7] , (7, 8] , (8, 9] , (9, 10] , (10, 11] , (11, 12] , (12, 13] , (13, 14] , (14, 15] , (15, 16] , (16, 17] , (17, 18] , (18, 19] , (19, 22] , (22, 33]}. Note there might be more than one categorical item that has equal maximum size with one another. In this extreme case, it will be reported to the user, rather than selecting them randomly. The partition scheme of length in this study adopts the point-based decomposition of quantitative attributes because the size of stems and loops only peaks at limited points.
B. Rule Groups
The obtained partitioned attribute variables are used to generate the conditional probabilities for any two variable items, X and Y in the matrix. The conditional probability of
In the similar manner, some matrixes with respect to the associations of organisms can be generated
As mentioned earlier, there must be enough point pairs (x i , y j ) in the conditional probability matrix M Y |X that satisfies the conditions of valid rules. In contrast to traditional minimum confidence, this paper allows users to have the ability to control the number of rules in each rule group.
Suppose M Y |X corresponding to an association AS consists of a set of rows {r 1 , . . . , r n }. Let A = {A 1 , . . . , A m } be the complete set of antecedent items of AS, and C = {C 1 , . . . , C k } be the complete set of consequent items of AS, then each row includes an antecedent item from A and a set of consequent items from C. Given a row r i , we define point-pairs support set (PS) as the set of point pairs whose conditional probabilities are not equal to zero, namely,
} be a rule group with an antecedent item x and a consequent support set C.
It is observed that the rules from different rule groups might have different supports and confidences. Moreover, there might be different numbers of valid rules derived from different groups. The top-k covering rule groups are thus applied to encapsulate the most significant association of the dataset while enabling users to control the number of rules in a convenient manner. 
III. EXPERIMENTS
A. Rule Group Generation
To identify top-k covering rule group, we need to set up the values of parameters. According to the assumed associations, k max1 = 46 is the maximum of k of the size domain. According to Definition 2.1, we have k max2 = 8 for the association of base composition. In the similar way, we have k max3 = 27 for the association of ratios between stems or loops. We can obtain different numbers of rule by regulating the values of k 1 ≤ k max1 , k 2 ≤k max2 , and k 3 ≤k max3 . The valid rules are determined by k 1 , k 2 , or k 3 in combination with minimum supports minsupp that specify the minimum frequencies of occurring associations [11] . In practice, we can vary minsupp and k and observe their difference. For simplicity, k = 4 is used herein, and we focus on discussing the different results by altering minsupp. By comparison, we observe that there is no sharp drop in rule output when assigning the minsupp from 0.1 to 0.2. Thus, the corresponding results by 0.1 in contrast to the results by 0.2 are selected in the following analysis.
The distributions of lengths of stem 1 and stem 2, and loop 1 and loop 3 are shown in Fig. 1(a) and (b) , respectively, which not only demonstrate the previous results in [1] and provide more accurate and intuitive understanding to them. The distribution of base composition can be seen in Figs. 2(a) and (b) , and 3(a) and (b). The detailed interpretation for the identified rules are presented in Section III-C. Furthermore, the significant ratios with respect to stems and loops indicate structure features of RNA. They have not been reported before and may imply an important role of RNA pseudoknots in prompting the efficiency of varied functions. As for the other rule groups, such as the rules regarding pseudoknot functions, the details can be seen in the following interpretation. 
B. Performance Evaluation
Many algorithms can be used for association rule mining, such as support-confidence framework and FP tree [11] . There are many extensions or adaptions from the previous methods. Further, they are classified into quantitative association rule and qualitative association rule for different purposes. Nevertheless, not all of them can deal with top-ranked rule group and use discretization to divide the attribute values. A data partition schema is proposed in [11] , whereas it cannot identify the top-k rules. In contrast, a top-k rule mining algorithm is presented in [10] , whereas it does not provide solution to partition the attribute values. Thus, an algorithm for association rule mining is presented in this paper by combining their ideas.
A performance comparison is conducted between our miner (kTOP) (top-k: yes, CPU time(s): [4.5, 385] ) and algorithms Local Causal Discovery (LCD) and Probability Partition Matrix (PPM) ((top-k: yes, CPU time(s): [11.5, 406] )). In the comparison, we identify the rules regarding the lengths of stems and loops using a dataset OPMV from PseudoBase at http://www.deakin.edu.au/∼qifengch/rna/dcomp.zip. Note all possible rules in theory are included in the comparison. Some of them can be pruned if the minimum support or k is applied. Fig. 4 presents the derived frequent patterns using different minimum supports. The comparison shows that kTOP has better performance than LCD and PPM methods, and can still have a short process for a small minimum support.
C. Interpretation
The association rules by 0.1 (minimum support) and 4 (number of top covering rule) in Table II are a subset of the originally derived rules. Further, several significant ratios regarding stems and loops are reported. For example, the rules in Table I shows TABLE I  EXAMPLE OF RULE GROUPS OF CLASSES   TABLE II SELECTED RULES FROM THE DERIVED RULE GROUPS that in most of cases, the number of nucleotides of pseudoknot of mRNA may peak at 6 base pairs. In the similar manner, the remaining rules in Table II can be interpreted.
The rules about AS 1 and AS 2 demonstrate previous work in a more comprehensive and accurate way. Especially, the rules (AS 3 , AS 4 , and AS 5 ) that were unknown previously are highlighted, and specific comparisons are conducted between stems, between loops, and between different classes, respectively. Some derived rules indicate there are discrepant leading numbers of nucleotides between stem 1 and stem 2, and between loop 1 and loop 3. These characteristics (asymmetry) may arise from the difference in tertiary interactions between stems and loops. The difference of the sizes of stems and loops, as well as the types of interaction between them, mean that pseudoknots represent a structurally diverse group. It is corresponding that they play diverse roles in biology such as forming the catalytic core of various ribozymes [14] and self-splicing introns [15] , and altering gene expression of many viruses by inducing ribosomal frameshifting [16] . The comparison between rules can be a supplement to demonstrate the difference between stem 1 and stem 2. The rules with respect to base composition can be seen in Figs. 2 and 3 . It is observed that there is apparent biases of base composition in the loops of H-pseudoknots. The facts of adenine-rich in loop 3 and uracil-rich in loop 1 is coherent with the results of [1] , [17] , respectively.
The rules in Table II are novel and can be classified into two categories in terms of different purposes. Rules 1 and 2 describe the correlations between pesudoknot categories and the size of stems. Rules 3, 4, 5, and 6 describe the associations between pseudoknot classes and the base composition in stem 1. Especially, the associations between size and class and between base composition and class, and the ratios between stems or loops have not been reported by previous pseudoknot studies. Table II shows that the pseudoknots of other viral 3 -UTR favor three base pairs, six base pairs, one base pair, and three base pairs in stem 1, stem 2, loop 1, and loop 3, respectively. Such rules can be viewed as a secondary evidence in determining pseudoknots' categories, predicting the size distribution of specific class of pseudoknots and understanding the association between structure and function. Looking at its dependencies regarding base composition, they show that stem 1 of other viral 3 -UTR has a high percentage of guanine rather than adenine, cytosine, and uracil. Although the other viral 3 -UTR has the same percentages of uracil and cytosine as guanine, the support of guanine in the dependency is a little higher than the percentage of uracil and cytosine in stem 1. Thus, we determine that the stem 1 of other viral 3 -UTR is guanine rich. The observation is consistent with reports that G + C-rich stem 1 present resistance to chemical cleavage. This makes stem 1 appears to be remarkably stable. On the other hand, there is a preference for the G-bases in the 5 -arm of the stem [18] and a number of the pseudoknots with G-rich stretch may be more effective in frameshifting. Looking at the dependencies regarding base composition of loops, we cannot obtain the rules between L 1 and adenine and between L 1 and cytosine due to low support from current dataset.
We also find some dependencies of viral tRNA-like structure. It peaks at three base pairs of stem 1 and three base pairs of loop 3 as other viral 3 -UTR, whereas it favors 3 base pairs of loop 1 and 5 base pairs of stem 2. As to the base composition of viral tRNA-like structure, it has a high percentage of cytosine of stem 1, high percentage of uracil of stem 2, high percentage of uracil of loop 1, and high percentage of adenine of loop 3. As mentioned earlier, stem 1 is stabilized due to abundant G−C base pairs. A stable pseudoknot structure is important for both amino-acylation and transcription. Moreover, G+C rich stem 1 rather than A-U rich may increase the transcription efficiency. It was reported that the mutation in stem 1 by changing specific G-C base pair into an A-U base pair reduced the transcription efficiency [19] . These features may help explain the reports of flexible tertiary contacts between stems and loops. Thus, the results in this paper not only discover the structural properties of RNA pseudoknots in specific organisms, but also aid in understanding structure-function relationships in RNA molecules.
These observations also indicate that RNA pseudoknots are critical for specific protein binding. A number of proteins such as gene 32 protein and the ribosomal protein S15 bind to a pseudoknot in its mRNA, which result in autoregulation [20] . According to the rule groups of mRNA, we can see G + Crich is prevalent. Usually, the major loop is likely to be flexible. However, the stable structures with a structured major loop also indicates the possibility that it can fold in a precise pattern when in contact with a protein. This may imply a motif in the pseudoknot that may show to interact with specific mRNA. For example, the CUGGG motif in the human prion pseudoknot was also found in the loop of HIV TAR RNA have been proved to interact with human prion mRNA. Moreover, the structural flexibility (flexible loop and neutral interaction) at helical junctions due to U-rich loop 1 and A-rich loop 3 may be important for proper telomerase function and regulation and for regulating protein binding.
In particular, Table II presents some novel and significant ratios of stems and loops, which may have relation to functions. We observe that the ratio of S 1 /L 1 peaks at the interval [1, 2). Its number decreases in the consequent intervals. This phenomenon can be seen in both frameshifting-related and translation controlrelated RNA pseudknots. We also observe similar discipline with respect to S 2 /L 1 , S 1 /L 3 , and S 2 /L 3 . As we know, the folding of an RNA pseudoknot requires that loops span the helix of stems. If we altered the length of stem 1 or loop 1, it is possible that the consequent change in ratio of stem length to stem helix length may have an effect on function efficiency. A further understanding of these ratios needs to be demonstrated by future biological experiments.
Furthermore, we may predict some novel correlations in terms of the obtained association rules. For example, if we observed that some pseudoknots whose stem 1 peaks at three base pairs are often connected to a specific function such as splicing, the newly generated association rules can be used to complement the prediction of pseudoknots' functions. We may also determine the function of pseudoknots in terms of a collection of rules. For example, if we found a pseudoknot whose stem 1 is cytosine rich and favors 20%-30% percentage of adenine, it may be translational regulation relevant. In practice, we may need to consider the composition of other bases (other relevant rules) together to enhance its reliability.
IV. CONCLUSION AND DISCUSSION
A number of RNA structures have been found to play important regulatory, structural, and catalytic roles in cell. In particular, recent evidences of ncRNA in the evolution and development programming of complex organisms RNA may perform many unexpected functions and participate many complex gene regulations that have been unknown to us.
As an important functional structure, pseudoknot is more highly constrained by nonlocal base pairs and presents specific three dimensional geometries. Such nonlocal contacts make pseudoknot problem nondeterministic polynomial time (NP) complete. Traditional association rule mining has been widely and successfully used to identify frequent patterns from general datasets. It has been argued that the former mining approach depended on two thresholds and a conditional probability matrix can be helpful for association studies due to its impressive expressiveness. However, if the item variable X impacts on variable Y at only a few point values, item-based association mining and quantitative association rule mining may be more appropriate and efficient than this method.
A high dimensional dataset can result in many redundant rules and long mining process [10] , and makes it difficult for biologists to filter out interesting information from databases. These challenges block the analysis of the pseudoknot data. It is easier and semantically clearer to choose k than minimum confidence [10] . Moreover, it avoids missing interesting rules and generating too many redundant rules.
In this paper, we analyze RNA pseudoknot data from PseudoBase for extracting interesting patterns with respect to structures, functions, and classes. Top-ranked rule groups are applied to identify these characteristic relations in RNA pseudoknots and especially highlight the potential structure-function and structure-class relationships in RNA molecules. Moreover, the interpretation of rules demonstrates their significance in the sense of biology.
Further, we attempt to combine several rules from different rule groups together for inference of novel biological knowledge. In this way, a further understanding of pseudoknot's structure and function can be achieved. We do not identify the rules between functions and pseudoknots in this paper. It is perhaps that a shorter or longer stem or loop, or a stem or loop with irregular base composition may make pesudoknots nonfunctional or have reduced function efficiency. We generate new knowledge by considering this interesting correlation. Extending this idea to more complex and more realistic scenario is therefore desirable, but it would require a larger dataset and evaluation of their soundness.
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